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Abstract

I discuss the possibility to create an effective concentrated portfolio. The research starts with
the observation that retail investors often fail to diversify their portfolios as much as advocated
by traditional portfolio theory. Building on this observation, I create a factor-based
concentrated trading strategy, to give a straightforward and relatively easy way to invest for
retail investors. The strategy uses value, quality and beta as signals to construct monthly
portfolios. Over the tested sample, the concentrated portfolio produces a significant alpha that
is robust to the CAPM, and the Fama-French 3-Factor and 5-Factor models. Three portfolios
are constructed, one long only, one long-short, and a naive 1/N portfolio. The naive portfolio
is used as a benchmark of excess returns.

Keyword: Concentration, Factor investing, Portfolio construction, Under diversification.

Este trabalho discute a possibilidade de criar uma carteira concentrada eficaz. A pesquisa
comeca com a observagao que investidores de retalho falham, muitas vezes, em diversificar as
suas carteiras tanto quanto defende a teoria tradicional da carteira. Com base nesta observagao,
criei uma estratégia de investimento concentrado baseada em factores, para proporcionar uma
forma simples e relativamente facil para os investidores de retalho investirem. A estratégia usa
valor, qualidade e beta como sinais para uma constru¢do mensal de carteiras. A estratégia
produz um alpha significativo ao longo da amostra testada que ¢ robusto ao CAPM e aos
modelos de 3 e 5 factores de Fama e French. Eu construo trés carteiras: uma apenas longa,
outra longa-curta e uma naive 1/N. A carteira naive ¢ usada como benchmark.

Palavras-Chave: Concentragdo, Investimento em Factor, Construgdo de Portfolio,

Diversificagdo Insuficiente

Investment Performance of a Concentrated Factor-Based Strategy: to what extent is it
possible to produce an alpha with the creation of a factor-based trading strategy?

Francois Pierre Koninckx
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Introduction

Nowadays, the first thing taught in portfolio theory is diversification. Markowitz (1952) show
how to model and use diversification to improve portfolio performance in his influential paper,
Portfolio Selection. In the findings, Markowitz (1952) shows that investors can drive away firm
specific risk when investing in a portfolio composed of a diverse set of securities. Indeed, the
mean-variance optimal portfolio offers the best risk adjusted returns an investor can aim for.
Rational investors should follow the diversified composition when creating a portfolio.
However, in practice, we observe that many investors diverge from the optimal allocation to

their detriment.

Kelly (1995) investigates the extent to which investors are diversified in the US. The author
finds that the median number of holdings in portfolios is one, demonstrating a clear lack of
diversification at the investor level. Campbell (2006) and Ivkovi¢, Sialm & Weisbenner (2008)
support the evidence and find that stock holdings for individuals range between two and 3.9
stocks. Similar behavior is witnessed at the fund level, even if the level of diversification is of

greater extent.

Different reasons for the lack of diversification are often cited in the literature. In 2009, Boyle
et al. show that information advantage at the investor level can be the driver of concentration.
They show that superior information leads to the concentration of portfolios in a specific set of
securities. Veldkamp & Van Nieuwerburgh, (2010) reach a similar conclusion while looking
at investors’ behaviors in the selection of securities. In addition, overconfidence of individuals
is often cited as a driver of excessive trading behaviors (Barber & Odean 2013). Anderson
(2008) find that overconfidence predicts the weight of risky assets in a portfolio. Furthermore,
Chen et al. (2007) provide evidence that overconfidence leads to undiversified portfolios in

China.

The evidence against diversification and its underlying reasons exists in practice. The proof of
portfolio concentration leads us to think about ways to under diversify a portfolio in a rational
and consistent manner. We have proof from investors like Warren Buffett that the market can

be outperformed consistently with under diversified portfolios. Documentation exists about



their investment beliefs. Buffett’s Alpha paper by Frazzini, Kabiller, and Pedersen (2013)
investigate Warren Buffett investment strategy. In the research, the authors seek to explain the
drivers of Berkshire Hathaway’s alpha with explanatory variables. Frazzini, Kabiller, and
Pedersen (2013) find that the investor alpha can be pinned down to a few factors. The
combination of leverage and the investment in cheap, safe and quality stock seems to explain

the returns.

This findings in Frazzini, Kabiller, and Pedersen (2013) research led me to the following

problem statement and sub-questions:

Investment Performance of a Concentrated Factor-Based Strategy: to what extent is it possible

to produce an alpha with the creation of a factor-based trading strategy?

- Isit possible to replicate Warren Buffett’s strategy in a simple way?
- Can a factor-based concentrated strategy beat a naive portfolio?
- Can I extract significant returns with an undiversified concentrated portfolio?

- Can I extract an alpha with a factor-based concentration strategy?

In order to find an answer to my problem statement and related sub-questions, the thesis will

be structured as follows.

First, I start with a review of the literature. [ introduce modern portfolio theory and the models
of Markwoitz (1952) and Sharpe (1964). I look at the rational behavior of investors in practice
and the rules that should be followed to obtain a mean-variance efficient portfolio. I continue
the section by looking at portfolio concentration. I gather proof at the investor and fund levels
that concentration exists in practice. I then dig into the reasons for diversification. I find that
superior information and overconfidence are the main drivers of under diversification. Second,
I dig into the research design. In this section, [ aim to introduce my model. I start by looking at
the model of Frazzini, Kabiller, and Pedersen (2013), from where my idea emerged. That is,
from the paper, I obtain the three factors that I include in my strategy. I continue by elaborating
on the three factors I chose, what metrics define them and the reason why I decided to pick
them. In this section, I build the ground for my strategy by explaining the logic behind it. Third,
I look at the data. The data section introduces the US dataset, which ranges from 1970 to 2022
and is composed of NASDAQ, NYSE and AMEX securities. In this section, I describe the



cleaning process I go through and how I deal with the different adjustments I make in the
dataset. Fourth, I look at the methodology. In this section, I introduce the main strategy, the
long only factor-based strategy. Here I explain the construction of the different portfolios and
how I use the factors in that regard. I also explain the alternative strategies I create. Fifth, I
introduce the expected hypothesis of my work. This means that, in this section, I create five
hypotheses that I test in the results section. Sixth I present the results of my analysis. Here I lay
down my findings for the different strategies. I describe the key results of the factor-based
concentrated strategy, the long-short, the naive portfolio and market returns. I finish the section
by looking at the results of the different statistical tests. I find that the factor-based concentrated
strategy can extract significant returns and produce an alpha. I enclose the research by

elaborating on the limitations of these results and the place there is for further research.

In my research, I must note that I do not aim to provide proof against portfolio diversification.
With the strategy created, I do not aim to show that concentration is more efficient than
diversification. I simply aim to present a straightforward and reliable portfolio construction
method, focusing on concentration. From the observation that investors are poorly diversified
agents, | aim to give a simple way of investing in a small number of securities. To my
knowledge, I am the first to implement the given strategy with the given method. Bias and
caveat exist in the project. I aim to pave the way for reliable methods to concentrate a portfolio.
In addition, I create a “concentration” strategy. The strategy averages 22 stocks per portfolios.
This composition can be described as diversified. However, I only select 1% of securities,

which I consider as an undiversified allocation in the research.

In my text and research, all the results are in excess returns. The term return is used
interchangeably with excess returns for the sake of redundance. I describe the concentration
factor-based strategy as under diversified portfolio, long only, concentration strategy. All the
terms point to the same strategy.

Knowing what the thesis focuses on I can start off with the thought process which led me to

create my strategy.



1. Literature Review

In this section, I aim to cover the theory that leads me to understand the rationale behind the
trading strategy I create. To fully understand the choices, I decide to split the review of
literature in two parts. The first part encompasses portfolio theory. I start by covering
traditional portfolio theory and diversification, pioneered by Markowitz’s work in 1952. 1
continue the section by understanding the theory of Fisher (1964) and the Capital Asset Pricing
Model (CAPM). The second section focuses on portfolio concentration. I start to look at
different studies and see that investors deviate from the traditional mean-variance optimal
portfolio. I gather proof at the investor and fund levels. I then investigate the reasons why
investors deviate from an optimal portfolio and cover two main reasons for the deviation. I see
that some investors depart from the advocated choice, because they believe or have superior

information, or are subject to behavioral bias such as overconfidence.

1.1.  Traditional Portfolio Theory

The concept of diversification is one of the first concepts investors learn when discovering how
to create a portfolio. “Do not hold all your eggs in the same basket” can sum up the logic very
well. In 1738, Bernoulli was the first to introduce diversification in an economic context;
however, without giving any mathematical foundation to it. He wrote, “Another rule which
may prove useful can be derived from our theory. This is the rule that it is advisable to divide
goods which are exposed to some danger into several portions rather than to risk them all
together” (Bernoulli, 1954). However, no quantitative ground was set until 1952 when
Markowitz first introduced, with his influential paper “Portfolio selection”, the modern
portfolio theory. From that point on, a large range of research and experiments have been

conducted to showcase the benefits of a diversified portfolio.

I now set the grounds of modern portfolio theory and look at two of the most influential works.

1.2. Modern portfolio theory

With the introduction of the “Mean-Variance” model, Markowitz (1952) presents a method of

diversification for investors. In the paper, Markowitz (1952) creates a logic to determine an



optimal portfolio composition. This logic considers the expected returns of individual assets
and their risks in the portfolio. The optimal composition of a portfolio is one that maximizes

the expected returns for a given level of risk.

To that end, a tradeoff between expected return and risk is introduced. That is, an investor can
attain higher expected returns; however, only by increasing the risk of the overall portfolio.
This risk-return tradeoff and optimal combination is found by using a mathematical model
made of three components: the expected return, the risk, gauged by the standard deviation, and
the covariance of individual securities (Markowitz, 1952). The model suggests that, “when
securities are combined in a portfolio, the risk involved in holding them together is lower than
the sum of their individual risks” (Markowitz, 1952). This yields the grounds for diversification

and diversified portfolios.

An efficient, diversified portfolio is one that either maximizes the expected return given the
level of risk or one that minimizes the level of risk, given the expected return. In Figure I
below is depicted the feasible set of portfolios. The x-axis represents the risk of the portfolio,
while the y-axis shows the expected returns. The feasible set of portfolios consists of any
combination of securities that yields a portfolio weight of 1. In addition, the figure depicts the
efficient set of portfolios, represented by the blue line. This line illustrates the solution to the
optimization problem presented by Markowitz (1952). The efficient set of portfolios is called
the efficient frontier and represents the change in risk-reward ratio that a diversified investor

can obtain.

Portfolio
expected return
E(rp)
Efficient
frontier of
risky assets

Minimum-
variance ¢
portfolio

Individual
assets

Op
Portfolio standard deviation

Figure 1: Investment opportunity set

Efficient frontier
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1.3. CAPM

In 1964, Sharpe introduces a new framework, which builds over Markowitz’s idea. Sharpe’s
(1964) framework introduces three important assumptions for the model to hold. He assumes
the rationality of investors, homogenous expectations about market information and that
investors can borrow and lend at risk-free rate. In addition, investors have the ability to short

sell without limits (Sharpe, 1964)!.

In his influential work, Sharpe (1964), introduces the Capital Asset Pricing Model. The model
paves the way for investors to determine the expected return of individual assets or portfolios,
based on the risk and correlations the assets have with the market. In addition, the introduction
of the risk-free rate introduces the Capital Market Line (CML). The CML is a tangent to the
efficient frontier. It introduces an efficient combination between investment in the risk-free
rate securities and the market portfolio. Mean-variance optimizers will only hold portfolios
along the CML line (Figure 2). The CML is depicted as the Capital Asset Line (CAL) in Figure

2, terms can be used interchangeably.

Expected return (%)

0 5 10 15 20 25 30 35
Standard deviation (%)

Figure 2: Capital Market Line

The equation of the CML and the CAPM model start with the assumption that investors are
averse to risk. That is, investors require additional return for investing in assets riskier than the

risk-free rate. This additional return requested by investors is called the risk premium. The risk

! Sharpe (1964) is cited, in this section as the main contributor of the CAPM. However, the model is a work of

joined forces. Sharpe (1964), Treynor (1962), Lintner (1965a, b) and Mossin (1966) are the pioneer of the
CAPM.
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premium is the measure of an asset’s sensitivity to market returns. That is, the risk premium is
measured by the beta of securities. The beta is calculated as the covariance of the given
asset/portfolio with the market, divided by the variance of market returns (Bodie, Kane &
Marcus, 2018). Given the beta obtained, it is possible to derive the expected return of an

efficient portfolio with the following equation:

_ Cov (1;,1n)
YT var (1)
(1)
E(m) =17+ Bi (E(ry) —17)
(2)

Where E(1;) is the expected return of security i, 75 is the risk-free rate, f; is the risk premium

of individual securities and E (7, )is the expected return of the market.

The CAPM model allows investors to include the dependance of assets with the market. This
yields a model which gives an efficient allocation of assets given a risk-return optimization
setting. In addition, “CAPM proves that the risk of individual assets or portfolios is not only
related to their own characteristics but to the overall market as well” (Bodie, Kane & Marcus,
2018). It shows that idiosyncratic risk can be driven away; however, on the other hand,

systematic risk cannot (Sharpe, 1964).

Modern portfolio theory, introduced by Markowitz (1952) and Sharpe (1964), pave the way to
construct an optimal portfolio. That is, with their theory, the two authors show how a mean-
variance rational investor should behave. Indeed, in theory, no deviation to the model should
exist. The reason is that extra risk is taken for a given level of returns if deviation from the
pattern exists. However, many investors do not follow the strict principle of diversification and
mean-variance optimization. For the majority, it results in poor investment decisions and
returns over time. Nevertheless, a small portion of individuals deviate from diversification and
still extract abnormal returns. They extract their returns from a narrow selection of securities
to build their portfolio. The riskier portfolios, if constructed correctly, can provide abnormal
returns. Investors like Warren Buffett, Charlie Munger, Peter lynch or Terry Smiths are a few

well known investors who extract additional returns by portfolio concentration.
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I will now introduce papers that tackle portfolio concentration. I will start by highlighting the
fact that investors are poorly diversified agents and will look at mutual funds as well. I will
then see that information advantage drives some investors to concentrate. I will continue to

stress a behavioral bias — overconfidence — which can lead to concentration.

1.4. Portfolio Concentration

I now take a contrasted view from traditional portfolio theory and look at portfolio
concentration. Before I dig in, I have to note: I know that diversification yields the best risk-
adjusted returns. I do not aim to provide counter proof. Many academics have investigated the
matter and the consensus points towards the net benefits of diversifications?. Nevertheless, this
section intends to showcase two points. First, I show that a lack of diversification exists at the
retail and institutional level, in practice. Second, I summarize the reasons why investors are not
mean-variance efficient. Understanding the logic behind portfolio concentration sheds light on

investors’ decision-making process.

After I understand the rationale behind concentration and the reasons around it, I introduce a
trading strategy centered around concentration. My strategy intends to propose a
straightforward method of investing for individual investors. The strategy aims to obliterate
bias usually showcased by investors. I then test the model and draw conclusions on its

efficiency.

1.4.1. Under diversification
“If finance textbooks are to be believed, investors hold an equally weighted portfolio of twenty
or more stocks. By doing so they eliminate the idiosyncratic risk and face only undiversifiable
risk, equal to the average covariance of returns of the portfolio” (Kelly, 1995). However, in
practice, individuals depart from the traditional composition. Some investors believe they have
an information advantage. Others face bias which leads them to depart from the optimal

allocation (Liu, 2008).

2 See, for example, Marston (2011), Statman & Scheid (2008), Levy & Sarnat (1970), Driessen & Laeven
(2007), Evans & Archer (1968) or Lhabitant (2017), for studies covering diversification.
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1.4.2.2.  Concentration at retail level
This section aims to illustrate the gap between strict theory and practice, at the investor and
fund levels. I first point out that investors are under diversified agents. Where theory predicts
mean-variance optimal portfolios, practice shows a deviation. Then, I dig into the reasons that

explain the lack of diversification.

Kelly (1995) investigates how diversified investors are in the US, using a sample of 3665
households to conduct two analyses. The first survey was conducted in the 1960s with a median
of holding of $3,800. The second, organised in 1983, considered high income participants
(more than 100,000$ of yearly income). For the 1960s sample, Kelly (1995) found that the
median number of stocks held in a portfolio was one. Comparably, in the high-income portion,
the median of stocks in individual portfolios was 10. These results demonstrate that US
investors hold a less than optimal portfolio. This being said, the surveys were performed more
than half a century ago. Since then, ETFs were introduced and widely adopted and barriers to
investing have decreased’. However, even if the results need to be taken lightly, it shows that
investors do not always hold optimal portfolios. The case applies for wealthy investors as well.
In 2006, Campbell confirms Kelly (1995) evidence by finding that until 2001, the median
number of stock holdings for individual investors was two and rose to three thereafter. He noted
that the findings did not consider mutual funds stock holdings, which would increase the
median holding. However, when it comes to individual holdings, it shows that investors are not
mean-variance efficient in their decisions. In 2004, Goetzmann & Kumar confirmed that retail
investors are under diversified by conducting a study with 60,000 individuals. The sample
ranged from 1991 to 1996 in the US. They found that many investors of their sample were
under diversified. Ivkovié¢, Sialm & Weisbenner (2008) reached a similar concentration

conclusion by finding that typical individuals hold a portfolio of 3.9 stocks.

1.4.2.2.  Concentration at fund level
Despite the broad proof that passive investment yields significantly better returns than active
investment (Carhart (1997), Daniel et al. (1997), Gruber (1996), Malkiel (1995), Jensen
(1968)), often characterized by under diversification, I focus on concentration in the mutual

fund industry for the sake of the strategy I create. In this section, I do not try to bring proof

3 Le. Cost of investing have decreased. For example, brokers as Robinhood or Interactive Brokers offer free

trading on US securities. Cost of information have decreased with the spread of online news.
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against passive management strategies. However, I seek to demonstrate that a share of
institutional investors going for portfolio concentration exists. The focus of this section is not
on the results obtained from concentration. In other words, the reader should take the results,
regardless of their direction, not as their superior performances, but as proof that concentration

exists at the fund level.

In an attempt to understand the driver of portfolio concentration, Kacperczyk, Sialm, & Zheng
(2005) uses mutual fund data from 1984 to 1999. They construct portfolios of funds classified
by their levels of concentration in industry. They find that mutual funds with a concentration
above the median yield a return 1,22% higher than funds with a concentration below average
(1,58% vs 0,36%). The results hold after expenses. In another study, Fulkerson & Riley (2019)
investigate fund performance and concentration. They conduct a US based study. They start
from the view that every fund should be fully diversified and invest in a portfolio with no
idiosyncratic risk. However, as managers acquire information about certain securities, the
portfolio composition should shift. Indeed, if managers have superior information, the
concentration in the given securities should increase. They find that when a fund increases its
concentration by one standard-deviation, risk adjusted returns increase by 0.24%, on average.
Fulkerson & Riley’s study (2019) is similar to the one by Treynor and Black (1973) for
individuals. The above-mentioned studies quantify concentration using a Herfindahl-
Hirschman Index-like method. Choi et al. (2017), gather data from security holdings of 10,771
institutional investors portfolio, to look at the relation between returns and concentration. They
find that concentration in home country or foreign country industry is associated with higher
risk adjusted returns. This empirical finding goes hand in hand with the model by Veldkamp
& Van Nieuwerburgh, (2010). Sapp & Yan (2008) conduct a study with US fund data from
1984 to 2002. They look at gross return of funds given the number of securities held in their
portfolio. In their research, they do not find evidence that the concentrated funds outperform

the diversified ones.

With the different studies covered, I have evidence that concentration exists at the fund level.
I now dig into the reasons why investors deviate from an optimal portfolio. I start with

information advantage. I continue the section with behavioral bias.
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1.4.2. Reasons behind concentration
I have now viewed that investors lack diversification in their portfolios. In other terms, in
practice, investors are not rational. In this section, I look into the reasons behind the seemingly

irrational choices of investors. I first analyze information advantage, then behavioral bias.

1.42.2. Information advantage
In 1973, Treynor and Black take a new view on the optimal portfolio. They state that an investor
with no information advantage should hold a diversified portfolio, as advocated by Markowitz
(1952). However, in case the investor has valuable information about specific securities, he
should act upon it. Thus, his information advantage should be reflected in the weight of the

given securities, in the portfolio.

Boyle et al. (2009) take Treynor and Black’s (1973) reasoning one step further and create a
model of ambiguity for investors. The starting point of their research is Markowitz’s model
(1952). From there, they note that, in practice, it is challenging to forecast expected returns, as
advocated by Merton (1980). To challenge the model, an ambiguity factor is introduced.
Ambiguity equals the information investors have, i.e., historical prices of securities. This
ambiguity can be increased or decreased with an information advantage. Investors are averse
to ambiguity. Boyle et al. (2009) look at the behavior of investors for portfolio creation when
the level of ambiguity is known. They find that, the higher the familiarity towards an asset, the
more the portfolio will be skewed towards it. That is, if investors have an information
advantage over a set of securities, their portfolio composition will be skewed towards them.

Uppal & Wang (2003) confirm that change in ambiguity leads to portfolio concentration.

Veldkamp & Van Nieuwerburgh, (2010) try to rationalize the choice of concentration. In their
approach, they solve a joint problem of information specialization and investment. Their
starting point is formulated as follows: “Specialization arises because the more an investor
holds of an asset, the more valuable it is to learn about that asset; but the more an investor
learns about the asset, the more valuable that asset is to hold” (Veldkamp & Van Nieuwerburgh,
2010). They find that, as in Boyle et al. (2009), investors concentrate their holdings in assets
they learn about, more than predicted in standard theory. Their choice is driven by a willingness
to resolve uncertainty. The view is interesting as uncertainty mimics risk in a certain way. “The

main message is that when investors can choose what information to acquire before they invest,
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they may invest in portfolios that would be sub-optimal for an investor who has not learned.
From the point of view of standard portfolio theory, these portfolios might be deemed
anomalous or irrational” (Veldkamp & Van Nieuwerburgh, 2010). It shows that irrationality
might not be the driver of portfolio concentration as advocated by traditional portfolio theory.
In an attempt to look at the home bias in portfolios, Hatchondo (2008) conducts a study looking
at investors’ decision making. In the study, investors are faced with investment decisions
between local and foreign firms. Each investor has a different information set. They observe
that investors opt for local investment. In addition, investors choose to concentrate their
portfolios in firms of their regions. In another study, Huberman (2001) looks at a specific
company’s employees and their investment behavior. They find evidence that investors are

more prone to invest in local businesses, which pushes towards the concentration of investment.

Ivkovi¢, Sialm & Weisbenner (2008) investigate the reasons behind concentration. They state
that if undiversified portfolios exhibit a superior performance compared to diversified ones, it
must be linked to stock picking abilities and information advantage. The authors use a sample
of 78,000 household trades and monthly positions from 1991 to 1996, across various income
classes. Three results are obtained. First, the investments made by concentrated investors
significantly outperform diversified ones, by less than a percent, over the year following the
purchase, overall. Second, when portfolios are larger than 25,0003, the difference increases to
three percent. Third, the difference in returns vanishes with small portfolios, i.e., less than

25,0008.

Their results point towards the ability of investors to extract an information advantage.
Nevertheless, the conclusion should be taken lightly. The authors qualify a portfolio as
diversified if it has three or more securities. Even if the level of diversification depends on
which assets are included in a portfolio, three securities have a high chance of producing a
concentrated portfolio. Given the mixed results of their analysis, these should be taken lightly.

Nonetheless, they indicate that information advantage could be a driver of concentration.

I have tackled a possible reason for the concentration of portfolios. I shall now look at

investors’ behavioural bias as a potential reason for under diversification.
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1.4.2.2.  Overconfidence

In the previous section, I first saw that some investors are undiversified agents. This under
diversification is in part driven by the belief in an information advantage. These pieces of
information are then incorporated within investor preferences while constructing a portfolio.
In addition to that, a behavioral bias exists, which prevents investors from fully diversifying:
overconfidence. I see, in this section, that most of the papers covering the subject link
overconfidence to excessive trading from individuals. However, to my knowledge, fewer
studies have investigated the direct link between overconfidence and under diversifications.
Nonetheless, overconfidence leads investors to exhibit irrational behavior. Irrational behavior
then leads to overweight securities for which investors are confident about. I examine the major
research regarding overconfidence at the investor level. I then make the indirect link between
overconfidence and under diversification.

A large body of literature in psychology led by Moore and Healy (2008), Odean (1999), Alpert
and Raiffa (1982), Svenson (1981), Fischhoff, Slovic, and Lichtenstein (1977), find that
individuals are overconfident in their abilities. This overconfidence, driven by the belief in
being better than average, results in behavioral bias when it comes to investing. It is found that
individuals are driven by the idea that their beliefs will drive them to better investment
decisions when creating a portfolio. This results in high trading turnover and suboptimal
portfolio construction (Hvidkjaer, 2008). Following this view, Barber & Odean (2013) states
that individual investors behave differently than advised in traditional finance models and
relate it partly to overconfidence. They say that “Most individual investors hold under
diversified portfolios. In addition, apparently uninformed investors trade actively,

speculatively, and to their detriment” Barber & Odean (2013).

In their first attempt to tackle the subject of overconfidence at the investor level, Barber &
Odean (2000), define overconfidence as “the overestimation of the value of private
information”. This overestimation causes higher than optimal trading and thus leads to sub
optimal returns. They find that investors in the US trade too much. In another research, Barber
& Odean (2001) look at the matter, but this time by observing gender behavior. They build
their research on the assumption that men are more confident than women. They find that men
trade 45% more than women. This leads to an average decline in returns of 1.72% for women

and 2.65% for men. Their findings confirm their hypothesis, according to which
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overconfidence exists in financial markets. Barber & Odean (2001) confirm the belief of their
previous study as they find that “an overconfident investor overestimates the precision of his
information and thereby the expected gains of trading” Barber & Odean (2001). In a similar
fashion, Scheinkman & Xiong (2003) look at overconfidence and its relation to market bubbles.
According to Barber & Odean (2000, 2001), overconfidence is modeled as the belief in superior
personal information compared to other market participants. In this model, they find that
participants will buy securities at a price higher than their value. This behavior is led by
overconfidence. Agents believe they will, in the future, be able to sell at a higher price. This
leads them to overbid. Barberis and Thaler (2002) find similar results about overbidding for
securities. Penga & Xiong (2006) point out that overconfidence is particularly severe in tasks
where a significant share of judgment is needed. The case is strong for investors when it comes

to portfolio construction.

In the previous research gathered, the link is made between confidence and trading behaviors.
However, the literature lacks links between overconfidence and portfolio construction.
Anderson (2008) attempts to make the tie between overconfidence, trading and diversification.
In Anderson (2008) model, investors are optimistic about their stock picking capabilities. These
abilities lead investors to deviate from an optimal portfolio. Anderson (2008) finds that
overconfidence predicts the share and weight of risky assets included in a portfolio. Grinblatt
and Keloharju (2009) also look at the link between confidence and concentration. They find
that overconfident investors are prone to form portfolios with excessive weights. These
excessive weights are placed on private information gathered by investors. Chen et al. (2007)
conduct an analysis on Chinese investors’ behaviors. They find that the Chinese feel certain
about their investment skills and knowledge. This overconfidence leads them to trade too much

and hold undiversified portfolios.

I now have an overall view on the bias that leads investors to invest in a concentrated portfolio.

2. Research Design

This section aims to introduce the factor-based concentration strategy. I first start to introduce
where I got the idea of a concentrated strategy. I then explain the reasoning behind my choice

and how I decide to implement it.

19



2.1. A factor-based concentration strategy

The idea of a factor-based concentration strategy comes from empirical and practical
observations. An existing body of literature provides extensive proof that passive investing
outperforms active investing on average, in the long run (Carhart (1997), Daniel et al. (1997),
Gruber (1996), Malkiel (1995), Jensen (1968)). Proven to be true and tested multiple times,
some investors are however able to perform consistently without investing in the market
portfolio. That is, names like Warren Buffett, Charlie Munger, Peter Lynch or Terry Smith, are
often heard and cited as the greatest investors of all times. These investors have indeed been

able to implement strategies, yielding significant returns over time.

The common feature between these fund managers is the focus on a restricted number of
securities and the creation of concentrated portfolios. Their portfolios have a common feature.
They combine securities with strong fundamentals and growth potential. In addition, strong
due diligence is performed before the investment period, to gauge the stability of a security.
Through this process, these investors have been able to construct portfolios with a limited

number of holdings that perform over time.

From the given observation came the idea to find a way to replicate their strategies. Having
limited resources and analytical power, I aim to create a simplistic model. This model aims to
group, in a simple and efficient way, the investment beliefs of these successful fund managers

into factors. The factors attempt to offer a quantitative way to mimic these investment beliefs.

The model I are proposing is, to my knowledge, the first of the sort. It entails that the expected
returns from the strategy are unknown and can go in either direction. I expect to create a simple
model, replicable by retail investors, which yields positive returns over time. However, in

practice, the strategy might yield positive or negative returns.

In the next section, I introduce the model and the three factors I picked to replicate Warren

Buffett’s investment beliefs. I explain the rationale behind it.
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2.2. Warren Buffett replication — A three factor composition

The concentration portfolio model is built on the investment beliefs of Warren Buffett as well
as his investment style. The starting point of the model is the analysis realized by Frazzini,
Kabiller, and Pedersen in 2013. In their paper “Buffett’s Alpha”, they investigate the alpha of
Berkshire Hathaway. Throughout their process, they acknowledge that Buffett has achieved
significant returns over time with a Sharpe ratio of 0.76. In addition, they highlight evidence
that Warren Buffett Berkshire Hathaway has consistently extracted an alpha through time. They

seek to understand what made that abnormal return realizable.

Throughout the analysis, they find that the generated returns are partly related to the ability to
leverage the investments and invest in cheap, safe, quality securities. To test this, Frazzini,
Kabiller, and Pedersen (2013) create a regression and seek to explain the origin of Buffett’s
alpha. They find that the abnormal returns become insignificant when alpha is controlled for
beta, value and the quality factor. Indeed, the three factors can partly explain the alpha extracted
by Warren Buffett. This is the starting point of my analysis.

I know, from Buffett’s interviews and letter to shareholders (Buffett (2022), Winters (2019)),
the investment beliefs that drive Buffett’s investment decision. However, “Buffett’s Alpha”
(2013) provides empirical proof of the alpha’s drivers. Based on their findings, I decide to pick
three factors, which would replicate Warren Buffett’s investment style. To that end, I aim to
provide a relatively easy strategy to implement, which has proven to be efficient through time,

for retail investors.

The regression used by Frazzini, Kabiller, and Pedersen (2013) to explain Buffett’s alpha tests
the monthly excess returns of Berkshire Hathaway against the market returns, size, value,
momentum, beta and quality factors. Not all factors are significant in the model (appendix,
Figure 1). From that observation, I decided to only take the significant factors from the

regression and create a strategy based on them.
From the output, the market, value, beta and quality factors are significant. I have interest in

the factors which are company specific. That is, I do not to include the market factor in the

creation of my strategy. I keep the value, beta and quality factors.
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In the next section, I briefly introduce the three factors, their efficiency in predicting returns as
well as the influential work done around them. I then explain how I combine the factors to

create a concentrated factor-based strategy.

2.3. Reasoning behind the three factors

2.3.1. Beta factor
In Buffett’s alphas (2013), Frazzini, Kabiller, and Pedersen decide to control for a beta factor.
In the analysis, the beta factor is the “betting against beta factor” (BaB) of Frazzini and
Pedersen (2014). The authors look at the alpha that produces low and high beta stocks. They
find that “investors bid up high beta assets. This makes high beta assets low alpha securities.
In addition, they find that going long in low beta assets and short in high beta assets, produces
significant positive, risk adjusted returns” (Frazzini and Pederson, 2014). It is known that low
beta assets are associated with “safer” securities, i.c., their movement with the market is of
lower magnitude than high beta assets. Furthermore, Warren Buffett’s investment style seeks
to invest in safe assets. To that end, Frazzini, Kabiller, and Pedersen (2013) decide to control

for the BaB factor and see if it can explain part of Warren Buffett’s alpha.

While running the test, Frazzini, Kabiller, and Pedersen (2013) find that the BaB factor can
significantly explain Buffett’s returns. That is, the factor points towards an investment strategy
which overweighs low beta stocks to produce returns. In Buffett’s Alpha (2013) paper, the

factor is significant at any conventional level (t=2.67). I select the factor to create the portfolios.

2.3.2. Value Factor
Graduating from Columbia Business school in 1951 (Columbia University, 2014), Warren
Buffett was student of Benjamin Graham, the pioneer of value investing. Having started a
business venture together (Frazzini, Kabiller, and Pedersen, 2013), it is widely known that
Graham was of considerable influence to Buffett’s investment style. In effect, Warren Buffet
drives his investment decisions by selecting value stocks, as advocated by Graham and Dodd’s
(1934) book. In the book, the authors advocate investing in “cheap” companies with strong

fundamentals. “They argue that investment decisions should be influenced by the security
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intrinsic worth, rather than the fluctuation in price incurred by market movements” (Graham

and Dodd, 1934).

Knowing that Warren Buffett is largely influenced by value investing, it is only logical for
Frazzini, Kabiller, and Pedersen (2013) to use the factor to explain the excess returns of the
fund manager. Indeed, in their analysis, value is controlled for. It is proven that a positive
relation exists between investing in value and stock returns, as documented by Rosenberg,
Reid, and Lanstein (1985), along with Fama and French (1993). By testing for value, Frazzini,
Kabiller, and Pedersen (2013) find that the returns of Buffett are associated to those of the

value factor. For that reason, I include a value factor in my model.

2.3.3. Quality Factor
In their quest to explain Buffett’s alpha, Frazzini, Kabiller, and Pedersen (2013) introduce the
quality factor. The quality factor represents profitable, stable, growing and high payout stocks.
This factor is in line with Buffett’s investment belief, as it targets superior and stable stocks
having potential to yield significant returns in the future (Buffett 2022). Controlling for quality
in their analysis is logical. A positive quality factor shows that quality stocks outperform junk
stocks in general, as advocated and proven by Asness, Frazzini, and Pedersen (2013). Indeed,

in their analysis, they find significant evidence that quality stocks outperform junk stocks.

Included in the regression which aims to explain Buffett’s alpha, the quality factor is
significant. This shows that Buffett’s portfolios are constructed by considering the quality of

assets. Therefore, I decide to include this third factor my model.

I covered the different factors which explain Buffett’s alpha. Based on these three significant
factors, I have decided to build an investment strategy. Before I dig into the methodology and
explain how the investment strategy was created, I elaborate on my data choice and how I

controlled for the data cleaning process.

3. Data

The strategy is applied on US securities only. This choice is supported by three reasons. First,

data on US individual securities are accessible to student student from data vendors. Second,
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Kenneth French’s data library is used and only covers US based securities. Third, the strategy
is implemented from the point of view of an individual investor. I aim to implement a low
transaction costs strategy. The only securities benefitting from commission-free trades yet are
US securities®. To perform my analysis, data from all NYSE, NASDAQ and AMEX listed
securities from January 1970 until December 2022 are retrieve from CRSP and Compustat. In
addition, Kenneth R. French’s database is used. CRSP’s data base is used for monthly securities
prices. Compustat retrieve accounting data. Kenneth R. French’s data library is used to have
the market returns as well as the risk-free rate. The sample period choice is made based on the

availability of data on WRDS. No accounting data are available prior to 1970.

Data retrieved on individual securities are monthly stock price (PRC). In addition to the
monthly price, I gather the adjustment factor (CFACPR), used to convert monthly price into
adjusted monthly price’. Ticker symbols (TICKER) are collected as well as the exchange code
(EXCHCD) and the permno code (PERMNO)®. For accounting data, I used the Compustat
database and included the following ticker, permno code, book-to-market values (bm) as well
as a gross profit measure (GProf)’. The third dataset used is the Kenneth R. French data library.
I collected the excess market returns (Mkt-RF), small minus big factor (SMB), high minus low
factor (HML) and the risk-free rate (RF).

3.1. Data Cleaning Process

Data cleaning and the adjustment process are a significant part of the work. In total, more than
almost 7 million rows of data® are processed, making the cleaning process significant and
challenging. Three different adjustments are made to get data which is ready to work with.

These are individually described.

4 For example, Robinhood or Interactive Brokers offer commission-free trade over US securities only.

5 The adjustment factor account for dividends, split and right offering.

¢ Permno code is a unique security code which allows to merge datasets between CRSP and Compustat.
7 Defined as gross profit divided by total assets

82,919,530 rows for the accounting dataset and 3,994,626 rows for the price data
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3.1.1. NA Values
The dataset suffers from missing values in the price and adjustment factor columns. Overall,
43,269 rows had missing prices and adjustment factor values. Missing prices and adjustment
factor are always paired. To deal with the matter, I replace a missing value with the previous
one. The transformation decreases the accuracy of price change, as 43,269 individual price
changes are eliminated. However, the transformation should not impact the results significantly
as 1.08% of price points are accounted as missing values. In addition, no group of missing
values over multiple months for a given stock exists. The accounting dataset accounts for
missing values at the factor level as well. The value factor has 143,228 rows of data missing,
accounting for 4.9% of missing values. The quality factor has 75,131 missing values (2.57%
of missing values). I deal with missing observations by replacing NA with the previous rate. I

have to note that the given adjustments will reduce the accuracy of my results.

3.1.2. Adjustment factor
In the dataset, the adjustment factor is provided to incorporate stock splits, dividends and rights
offerings into a stock price. In the CRSP dataset, the “Data Description Guide” states that I
should divide individual security prices with the adjustment factor to control for corporate
actions (CRSP, 2020). The adjustment factor ranges from 0 to 1215. When I automate the
process of calculation, an error occurs in my code, as dividing by zero yields undefined results.
In order to control the matter, I changed stocks having zero values in their adjustment factor
column by one. In my dataset, 45,001 values display the problem. The operation is done to

avoid undefined security prices.

3.1.3. Outliers
In the data set, outliers exist. To obtain a decent analysis, I have to mitigate their effects. In
order to do that, I decided to erase stocks with values of less than 5$, as done in Jegadeesh &
Titman (1993), for example. Different techniques exist to control for outliers; I decided to

implement said technique.

3.1.4. Merging data sets
In my research, three datasets are used. Each dataset has its specificities and have to be merged.
The price and accounting datasets are joined with the permno code. That is, each security is

assigned a permno code. This code is unique to each security regardless of its listing or
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delisting. What’s more, some ticker symbols are reused for new listings when a security is
delisted. With the permno, I avoid pairing two different securities into one (WRDS, 2020). In
addition to merging securities with the permno code, dates are used as well to match the price
and accounting data. The market data (Kenneth R. French dataset) is matched along with the

dates to the CRSP and Compustat datasets.

4. Methodology

In this section, I lay out the methodology of my strategy. I start off with the description of the

returns. I then detail the use of the factors to construct portfolios.

To obtain the average return of my strategy, I opt for the following method to calculate returns.
The first step in calculating the returns® is to convert monthly prices into monthly returns, for

the individual securities. The monthly arithmetic returns are defined as:

S Py — Pito
F
Pi,to

3)

Where 77, 1s the monthly arithmetic return for a given stock i at time ¢ and where P;, is equal
to the price of stock 7 at time #. The risk-free rate is then subtracted to obtain monthly excess

returns.

I then calculate the beta of individual securities. The beta of individual securities is computed
following the methodology of Bodie, Kane & Marcus (2019) and the sample size of Liu,
Stambaugh, & Yuan (2018). Liu, Stambaugh, & Yuan (2018) state that “there are numerous
approaches for estimating betas on individual stocks, and the literature does not really offer a
consensus”. To that end, I decide to take the standard beta approach from Bodie, Kane &
Marcus (2019) and apply the look back period used in Liu, Stambaugh, & Yuan (2018) and
Frazzini & Pedersen (2014). This means I estimate the beta by regressing the individual excess

returns of securities over the excess market returns. I picked a window size of 60 months. In

° Returns are adjusted for split, dividends and right offering.
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the analysis, the beta of a security is not calculated if it does not have 60 consecutive
observations of returns. If a security does not have a beta, I do not consider it for the portfolio

creation. I proceed as follows:

TG = a+ Bi TEme) T it

4

Where 75; 1 is the monthly excess return of security i at time 7 and where 1 (;y, ¢ is the monthly

market excess return m, at time ¢.
I continue by computing the value factor. As a proxy for value, I take the book-to-market ratio
of firms as in Fama & French (1993). The book-to-market factor of individual firms is as

follow:

Book value of equity; .

Market value of equity; ,

)

Where I retrieve the ratio for each security 7, at time #, at a monthly level.

The last factor selected is the quality factor. I proxy the quality of a firm with the following

measure:

Gross profit;,

Total assets;,

(6)

The quality factor is extracted for each security i, at time ¢, at a monthly level. However, for
public companies, profits and total assets are often only available at quarterly level. If that is

the case, the previous quarter value is selected for the monthly increment.

In Buffett’s Alpha, the methodology of Asness, Frazzini and Pedersen (2013) is used. Being
limited by the accounting measures available in WRDS, I am not able to replicate the

methodology. I then opt for the measure used by Novy-Marx (2013) to mimic the quality of a
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firm. In their research, quality is proxied by the ratio of gross profitability to the total assets of

a company.

Given each firm’s monthly returns and their respective accounting factors, I can proceed to the
ranking. Each firm is ranked three different times. First, based on individual betas. The firm
with the lowest beta is ranked number one and the one with the highest beta is ranked last.
Second, firms are ranked based on value. The securities having the largest book-to-market
value are ranked first. Third is the quality factor. Firms with the highest ratio obtain the top

ranking.

The securities individual ranking is then aggregated. To aggregate the three rankings into a
single measure, the factor loadings from Frazzini, Kabiller & Pedersen (2013) are utilized. The
factor loadings are depicted in Figure 1 of the appendix. My weight mechanism is obtained as

follows:

I take the factor loadings from Frazzini, Kabiller & Pedersen (2013):

- BaB factor: 0.29
- Value factor: 0.46
- Quality factor: 0.43

I then normalize the factors and obtain their respective weights:

WBaB == 0.24576

wy = 0.38983
wy = 0.36441
(7)
Were,
WBaB + WV + VVq =1
(8)
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I then compute the final monthly score of individual securities:

Rankingi,t = BaBRanking * Wpap + VRanking * Wy + qRanking * Wq

©)
Where Ranking;  is the final ranking of security i, at month 7.

Given the final monthly score, I rank the securities in ascending order, where the lowest scored
security is number one in my ranking. I then create a portfolio composed of the top 1% of
securities in the dataset, given on the ranking. I invest long in the securities for one month. I

calculate the excess monthly returns of the portfolio as follows:

N
1
Rp; = Nz TE(i,t)

(10)

Rp ; represents the monthly excess returns of the portfolio. The portfolio returns are calculated
as the average sum of excess monthly returns of individual securities over a given month. I

rebalance the portfolios every month.

I compare my strategy to two other portfolios, which I view in the next section. First a long-
short portfolio, constructed in the same manner as the main strategy. Second, a naive 1/N

portfolio.

4.1.  Alternative strategies

The second strategy I implement is a long-short strategy. That is, the same steps as above are
reiterated. However, instead of investing only long in the top 1%, I invest short in the bottom

1% as well.

N
1
Rp(T) = Nz TE@,0) (T)
(11)
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N
1
Rp:(B) = Nz TE@,0) (B)

(12)
Where T represent the top 1% securities and B represents the bottom 1% of securities.
The final excess returns of the strategy are computed as follows:

P¢= Rp:(T) — Rp:(B)

(13)
Where P, is the portfolio excess return of the strategy at time ¢.
In addition, a naive 1/N portfolio is created as follow:

N
1
Rygiver = NZ TE(it)
(14)

Where Ry give ¢ 18 the equally weighted sum of excess return of individual securities 7g(; ¢).

5. Expected Hypothesis

I went through the logic of the strategy and the rationale behind the three factors. Given the
novelty of the strategy, I first aim to test it against a naive 1/N portfolio. I start by looking at
the difference in returns between my strategy and the benchmark I picked. I then look at the
alpha of my strategy. To that end, I first test the strategy against CAPM. I then continue by
looking at its robustness against the FF3 model of Fama & French (1993). I then see the strength
of my results against the FF5 (Fama & French, 2015). Knowing that the strategy is the first of
its kind, I can see the results going in any direction. However, I expect the strategy to produce

an alpha as stocks with characteristics that have proven to produce alpha, in the past, are
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selected. My results can fail to significantly outperform the naive portfolio or not. My results

can fail to produce a significant alpha or not. I came up with the following hypothesis:

First, I test if:
HO: The top 1% concentrated strategy yields the same results as the 1/N strategy.
HA: The top 1% concentrated strategy yields different results than the 1/N strategy.

Second, I test if;
HO: The long-short strategy yields the same results as the 1/N strategy.
HA: The long-short strategy yields different results than the 1/N strategy.

Third, I test if:
HO: The concentrated strategy yields an alpha equal to zero against the CAPM.
HA: The concentrated strategy yields an alpha different from zero against the CAPM.

Fourth, I test if:
HO: The concentrated strategy yields an alpha equal to zero against the 3-factor model.

HA: The concentrated strategy yields an alpha different from zero against the 3-factor model.

Fifth, I test if:
HO: The concentrated strategy yields an alpha equal to zero against the 5-factor model.

HA: The concentrated strategy yields an alpha different from zero against the 5-factor model.

6. Results

Having described the strategy, its possible outcomes and hypothesis, I can start looking at the
results. [ begin the section by examining the average monthly excess returns obtained for each
of the portfolios created. Furthermore, I explain the presence of extreme returns with market
events or outliers. I continue the section by digging into the statistical test. I look at the
difference in excess returns and I test for alpha. I finish the section by analyzing the key metrics

of my strategy and comments regarding them.
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Before starting, I have to note, I controlled for outliers in the sample by excluding securities
having a price lower than 5$. The method is frequently used in research to control for outliers
(Jagadeesh and Titman 1993). However, I am seeking for undervalued securities in my
portfolios. Some omitted securities might have been included in the selection if not discarded
by the 58 control. This limitation can change the direction of my results. Furthermore, when
controlling for outliers, I did not control for the liquidity of securities. Illiquid securities with

a value of more than 5§ can be included in my analysis. This can further bias my results.

All the returns of the strategy reported are excess returns.

6.1. Concentration strategy

In this section I investigate the results of the factor-based concentration strategy and analyze

their key components.

6.1.1. Factor-based concentration strategy — Top 1%
I start to implement the factor-based strategy in February 1995. The sample starts in 1970, 60
months of data are needed before obtaining a beta estimate. Only after computing the first beta
value (i.e., in 1975), the first portfolio is constructed out of the ranking. A total of 576 portfolios
are constructed until the end of 2022. The average number of securities in the portfolios is 22

holdings.

The average excess returns for the whole sample are:
- 1.36% monthly or
- 16.37% annually.

The monthly excess returns are depicted in the Figure 2 of the appendix.

Throughout the sample, I observe a maximum return of 0,2644 or 26,44%, in May 1983. No
major economic events, able to explain the extreme return, happened during the period. The
returns could be the result of outliers. In addition, the minimum return of my strategy reaches
-0,1711 (-17.11%) in October 1987. On the 19" of October 1987, “Black Monday” occurred,
at which point the stock market crashed unexpectedly. On a single day, the DOW lost 22.6%

in value (Trinidad, 2022). The black swan event illustrates that the negative value for my
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strategy might not be caused by outliers. Other than these two observations, my returns are

fairly normal and cause no concern.

6.1.2. Long-Short concentration strategy — Top 1% / Bottom 1%
The long-short concentration strategy is implemented in the same manner as the long only

portfolios. The average number of holdings in the portfolios is 44.

The average excess return for the whole sample is:
- 1.33% monthly or
- 16.02% annually.
The monthly returns are depicted in the Figure 3 of the appendix.

In the figure, I observe three peaks of values. The first one occurs in October 1987, as for the
long only strategy. This event is not considered as an outlier in the sample. The negative
monthly value for the given month is -0.2743 (-27.43%). In February 2000, I observe a positive
56.96% return (0.5696). This month marks the moment where the FED raised the short-term
interest rates. Generally viewed as a negative sign for economic growth, the given news had a
negative impact on stock returns (Bebar, 2000). As the strategy captures the downside of the
market, it is expected that I profit from such events. However, a 50% increase is rather extreme.
That is, the returns observed in the given months might result in part from outliers as well as
the short leg of my strategy. The last unexpected peak in the strategy occurs in May 2015. I do
not find economic events that could have caused the returns to spike by 45.61% (0.4561) in
May 2015. Being nonetheless a year of movement, with different flash crashes, the decline in
crude oil prices or the default of Greece on its debt (Mahmudova, 2015). I do not pin down the
excessive results to a particular event. That is, outliers might be the reason for the unexpected

returns of the given month.

I continue and look at the 1/N naive strategy.

6.2. 1/N naive portfolio strategy

When building a trading strategy, there are a few important things to look at. First, does the

strategy yields positive and consistent returns through time. Second, does the strategy perform
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better than an effortless 1/N portfolio. Third, does the strategy yield a significant and robust
alpha. I have observed the average excess returns of the strategy. The returns look consistent.
I am now interested to see if the strategy performs significantly better than a naive portfolio. I

first look at its construction.

The naive portfolio is constructed by equally weighting all the securities I have in the sample.

Each portfolio has an average of 2200 stocks.

The average excess return for the whole sample is:
- 0.715% per month or
- 8.58% annually.

The monthly returns are depicted in the Figure 4 of the appendix.

I observe some unexpected returns for the 1/N strategy. The returns correspond to: January
1976, October 1978, October 1987, August 1998, October 2008, April 2009, March 2020 and
November 2020. These returns of high magnitude could be considered as outliers. However,
when comparing the monthly unexpected returns with the market returns of Kenneth R.
French’s data library, I see that they are in line with the market. The difference in returns is

analyzed below.

6.2.1. Kenneth R. French market returns and the naive portfolio
I am interested in comparing the returns of the naive portfolio with the market returns. Having
similar excess returns between the two portfolios would indicate that the naive composition is
reliable as a benchmark for the strategies. Figure 5 of the appendix exhibits the difference in

returns between the naive portfolio and the excess market returns of Kenneth R. French.

From the observations, I see that the difference between the naive and market portfolios does
not exceed 8%. When looking at the data, the difference in the portfolios is bounded between
0,0717 and -0.0741. A potential explanation for the difference in returns could come from the
fact that I use equal weight to construct my portfolio whereas Kenneth R. French uses a value
weighted approach to construct his portfolio. Furthermore, some of the divergences in returns

can come from my data cleaning process or the method I used to deal with outliers.
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From the previous section, I observed eight spikes in the 1/N portfolio. I compare the returns
obtained to the market portfolio. I observe a reasonable difference in extreme returns between
the market and naive portfolios. Table 1 of the appendix confirms that the extreme results
obtained from the strategy are in line with the market returns. Nonetheless, I observe a
maximum difference in excess returns of 7.41%. The divergence can be related to the different
weighting methods or outliers. To confirm, I test the difference in excess returns of the two
portfolios and apply a Newey-West standard errors test. The null hypothesis states that the
difference in excess returns between the strategies is zero. In the results, I fail to reject the null
that the difference in excess returns is zero (p-value 0.849). The results of the three Newey-
West standard errors test I perform are summarized in Table I below. The full results are
depicted in Table 2 of the appendix. The test points towards a healthy naive portfolio
construction. Therefore, the naive strategy is used as a tool of comparison with the other

strategies as it provides a reliable benchmark.

Summary table Newey-West standard errors test

Coefficient | Std Error | P-value
1/N vs Market 0,0002 0,001 0,849
Long only vs 1/N 0,0064 0,002 0,002
Long-Short vs 1/N 0,0063 0,002 0,008

Table I: Summary Newey-West standard errors test

6.3. Strategy comparison

I have analyzed the returns of the different strategies implemented. My next point of interest is
to evaluate their relative performances. I look at the difference in returns between the top

1%/long-short compared to the naive portfolio.

The relative performances of my strategies are evaluated by applying a Newey-West standard
errors test with two lags, as in the previous section. The test looks at the average difference in
returns between the strategies I implemented. The test controls for autocorrelation and provides

p-values for the significance of the difference in excess returns between the strategies.
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If I fail to reject the null hypothesis, it indicates that the factor-based concentration strategy
fails to outperform the naive composition. However, if the null is rejected, it indicates a

significant difference in returns between the strategies tested.

6.3.1. Long-only Factor-based concentrated strategy and the naive portfolio
I start to look at the difference in returns between my factor-based strategy and the naive
portfolio. Looking at Table 1 above!?, a residual average value of 0.0064 is obtained, with a p-
value of 0.002. This result indicates the ability of the concentration strategy to significantly
outperform the naive portfolio. That is, the long only strategy yields significantly better returns
than a naive portfolio. With the given results, I can reject the first null hypothesis that the
difference in returns between the factor-based strategy and the 1/N strategy is zero. Indeed,
from the previous section, I observed that my factor based concentrated portfolio yields an
average yearly excess return of 16.37% while the 1/N strategy yields an annual excess return

of 8.58%.

6.3.2. Long-short strategy and the naive portfolio
Table 1 above!! demonstrates that I can reject the second hypothesis. That is, the average
difference in returns between the long-short and the naive strategy is significantly different
from zero. From the coefficient, I observe that the difference is positive (0.0063), pointing
towards the outperformance of the long-short strategy compared to the naive portfolio. The p-

value obtained is 0,008. This means that I can reject the null at any conventional level.

6.4. Testing for alpha

I have approached the second step of my analysis and witnessed a significant out-performance
from my factor-based strategy. I now go to the third step of the process and examine the alpha
extracted. In total, six regressions are covered. Each regression is performed twice, one for the
long only and one for the short only strategy. The full results are included in the appendix.

Table 2 below summarizes the results of the three tests performed.

10°A full summary of the results is depicted in Table 3 of the appendix.
T A full summary of the results is depicted in Table 4 of the appendix.
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This section is divided into three parts. I first test for the CAPM model. I continue by using the
three-factor model. I finish the section by challenging the alpha with the five-factor model.

Summary table Alpha

Coefficient | Std Error | P-value | R-Squared

Long only CAPM 0,011 0,002 0,000 0,126
Long-Short CAPM 0,007 0,003 0,013 0,328
Long only FF3 0,009 0,002 0,000 0,266
Long-Short FF3 0,006 0,002 0,015 0,496
Long only FF5 0,007 0,002 0,001 0,288
Long-Short FF5 0,008 0,003 0,002 0,528

Table 2: Summary table Alpha

6.4.1. CAPM
After running the Newey-West standard errors test, | examine the alpha of my strategy. The
alpha of a model represents the excess returns which cannot be explained by the factors I test
the model against. In this section, I test my strategy against the excess market returns or CAPM.
If a significant alpha is extracted, it shows that the excess returns of the strategy cannot be fully
explained by the market. In other words, alpha value represents all the return from the portfolios

that the market risk factor is unable to explain.

Looking at the results of the test in Table 2 above 2, T observe that my strategy has an alpha of
1.06%. This alpha is significant at any conventional level (p-value 0.000). In this case, the
market fails to fully explain the returns extracted in my strategy. Looking at the Long-Short
strategy versus the market, I observe an alpha of 0.66%'3. Smaller than for the long only
strategy, I can reject the null at a 5% significance level (p-value 0.013). Comparing the two R-
squared, the long only strategy has one of 0.126, while the long-short portfolio has an R-
squared of 0.328.

The given results show a net performance of my strategy compared to the market returns. I can

reject the third null hypothesis.

12 A full summary of the results is depicted in Table 5 of the appendix.
13 A full summary of the results is depicted in Table 6 of the appendix.
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6.4.2. 3-Factor model
Having observed the robustness of the strategy to the market returns, I aim to go a step further.
It is known to market participants that anomalies exist. Creating portfolios based on anomalies
yields abnormal returns, not explained by the market. Controlling for the factors and testing for
alpha confirms the robustness of the strategy to the factors. I start with Fama & French’s 3-

Factor model (1993). The 3-Factor model considers the size and value factors.

Looking at Table 2 above!'#, T observe an alpha of 0.86% for the long only strategy. The alpha
is significant at any conventional level (p-value 0.000). The output shows that the strategy is
robust to the 3-factor model and shows that I extract a significant alpha with the portfolio
composition. Looking at the long-short strategy!®, the alpha is 0.55% and has a p-value of
0.015. That is, I can reject the null at a 5% significance level. The R-squared of the two
strategies are 0.266 for the long only and 0.496 for the long-short portfolio.

I have observed that my results are robust to the 3-Factor model. I can reject the fourth null

hypothesis tested. I now look at the 5-Factor model.

6.4.3. 5-Factor model
I conduct a similar test as in the previous section. However, I add a new layer by controlling
for two extra market anomalies. In addition to market, size and value, operating profitability

and investment are added to the model.

Looking at Table 2 above'®, I observe that my long only strategy yields an alpha of 0.68%
significant at any conventional level (p-value 0.001). Moreover, my strategy produces an alpha
after controlling for the five factors. Looking at the long-short strategy, I observe an alpha of
0.79% which is significant at any conventional level (p-value 0.002!7). The R-squared is 0.288
for the long only and 0.528 for the long-short strategy.

4 A full summary of the results is depicted in Table 7 of the appendix.
15 A full summary of the results is depicted in Table § of the appendix.
16 A full summary of the results is depicted in Table 9 of the appendix.
17 A full summary of the results is depicted in Table 10 of the appendix.

38



Based on these results, I can reject the last null hypothesis and conclude that my excess returns

are robust.
In the previous three tests, I observed that my strategy produces a significant alpha at every

conventional level. I shall now tackle the last step of my analysis, which investigates the key

metrics of my strategy.

6.5. Key metrics comparison

Having seen that my factor-based strategies produce a significant and robust alpha, I now look

at the key metrics of the strategies.

Strategies Key Statistics

Strategy top_n long_short 1/n Market
mean 0,1637 0,1602 0,0858 0,0821
std 0,1770 0,2680 0,1644 0,1562
min -0,1711 -0,2743 -0,2635 -0,2324
max 0,2644 0,5696 0,1637 0,1366
median 0,0104 0,0077 0,0098 0,0109
percentile_25 -0,0195 -0,0324 -0,0187 -0,0194
percentile_75 0,0445 0,0498 0,0359 0,0357
Sharpe_ratio 0,9252 0,5977 0,5221 0,5258

Table 3: Strategies key statistics

Looking at the comparison of results in Table 3, I am especially interested in the Sharpe ratio
of my strategy'®. Indeed, the Sharpe ratio gives us a measure of risk adjusted relative returns.
can see that I obtain a Sharpe ratio of 0.9252. That is, for each unit of risk taken, the strategy
can generate an excess return of 0.93. From the four strategies, I observe the long only strategy
to yields the best risk adjusted returns. The long-short portfolio exhibits a higher standard
deviation for a given excess return, resulting in a weaker Sharpe ratio and thus a lower risk
reward strategy. The standard deviation of my strategy lies third (17.70% annually). This result
is to be expected, as by constructing a concentrated trading strategy, I expect the risk to be
higher than the average market. Looking at the median returns, I observe that the median of

my strategy is at 0.0104. This means that 50% of the monthly excess returns lie above or 1.04%.

18 The results in bold are in annual terms. The results not in bold are denominated on a monthly basis. All the

results are in excess returns.
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Only the market portfolio of Kenneth R. French has a median average excess return higher than

the concentrated strategy.

I have seen and analyzed all my results. I saw that my factor-based strategy significantly
outperforms the benchmark portfolio (1/N). In addition, I tested for an alpha against three
models. The results are significant and show that my strategy produces an alpha even after
being controlled for different factors. Knowing my results and the potential power of my
strategy, I have to point out its limitations. Indeed, the strategy outperforms a naive portfolio
and extract an alpha. Caveat and bias could be the driver of my returns and hide a real

underperformance. For that reason, in the next section, I cover the limitations of my work.

7. Limitations

My strategy has proven to perform significantly compared to my benchmark and produced an
alpha. As positive as my results might be, I must remain cautious and consider the limitations

of my work.

In the data section, I covered the different cleaning processes I implemented to obtain clean
data that can be deemed ready to work with. I saw that price points were missing (1.08%). I
decided to replace the missing values with the previous ones. This transformation had an impact
on my dataset and create bias. In addition to that, the quality factor was subject to missing
values as well. For the factor, 75,131 values were missing (2.57%). Replacing the given values
with the previous ones can have an impact on the data, the ranking of stocks and on the stocks
selected for the portfolios. Additionally, replacing the values by the previous ones can impact
the data in a significant manner. That is, the quality values are sometimes released once a
quarter by companies. If a value is missing and replaced by the previous one, it means that
certain securities have the same quality factor for half a year. This might have affected the

granularity of the data as well as the precision of the results.
Second, the measure for the factors can impact the strategy excess returns significantly. For

example, for the quality factor, I decided to use Novy-Marx’s (2013) metric instead of the one

of Asness, Frazzini, and Pedersen’s (2013). A different measure is used than the one advocated,
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as no data is available to construct it correctly. However, using a different measure can impact

my results.

Third, 1 have controlled for outliers in the dataset by excluding values under 5$. This
transformation allows us to get partly rid of penny stocks. However, by implementing a strategy
which aims to invest in cheap undervalued stocks, the method might have erased some
opportunities. In addition, when controlling for outliers, volume is often considered. That is, a
stock with a low price but high volume and market cap should not be considered as a penny
stock. The reason is that high volume usually decreases volatility and thereby the chance of
unexpected high fluctuation. In addition, market caps can be high but for a low price; e.g., to
make the stock more attractive for investors. The given explanation and way of dealing with
outliers might have introduced bias in my dataset. This can undermine my results. Fourth, I
observe an R-square of higher magnitude for the long-short strategy. Further analysis should

be done to investigate its nature.

Fifth, I do not account for transaction costs. It introduces a bias in my study which

overestimates the true returns.

Last, no robustness checks were performed in my analysis. I confirm that my strategy
outperforms the benchmark. I see that a significant alpha is produced. Nonetheless, to be certain
about the direction of my results, additional tests can be performed. This introduces an extra

bias in my analysis.

Having discussed the drawbacks of my research, I can now point towards the room for

improvement and what could be done in further research to push my analysis one step further.

8. For Further Research

From the limitation section, different directions could be taken for further research.
In further research, the authors can find a different technique to deal with missing values and

compare it to the one I used, to see if different results are obtained. Second, another

methodology could be implemented regarding the construction of the factors. Third, outliers
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could be delt with by considering volume and market cap. Fourth, the ranking of the number
could be done in another way. Stocks which are already included in the portfolio of the previous
month could obtain a priority ranking. This would decrease the turnover of the strategy. It
would as well be a way to reduce costs, as suggested by Barroso & Wang (2021). In addition,
it might yield better results as [ would invest for a longer term in undervalued securities. Fifth,
robustness checks can be performed with the strategy. Testing for the universe of large cap
with high liquidity, international evidence or different subsamples can be implemented as

robustness tests.

Sixth, the strategy can be implemented to other markets, either to compare it to the analysis I
have already performed, or to do a cross comparison between markets other than the US.
Seventh, the strategy seems to be profitable, in theory. However, I have no proof in practice.
The strategy can be implemented in the real market. A paper strategy can first be tested to then
implement it with capital, if proven to be successful. Eighth, additional factors can be found
and added to the analysis. In that case, the base strategy can be compared with the augmented
one. Ninth, transaction costs can be included. Last, monthly data was used. Granularity might
have been lost by doing so. The next step can be to implement the strategy with daily

observations.

9. Conclusion

To conclude, through my research, I aim to create a concentration trading strategy offering a

reliable and consistent way of investing for retail investors.

I started my analysis by looking at traditional portfolio theory. Portfolio theory provides a guide
on the way rational investors should behave to maximize their returns given a level of risk.
From that observation, I discovered that practice diverges from theory. I learned from different
studies that investors seem to deviate from the optimal choice. Indeed, evidence point towards
the preference of retail to opt for concentrated portfolios. This is what let me to wonder if such
a concentrated portfolio could be implemented and produce an appealing risk-return trade-off.
To my knowledge, studies have investigated the matter but do not offer straightforward
solutions for retail investors, leaving a gap in the literature. Based on my observations, I came

up with the following research question which I aim to answer through my analysis. Investment
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Performance of a Concentrated Factor-Based Strategy: to what extent is it possible to produce

an alpha with the creation of a factor-based trading strategy?

My main research question led me to ask myself the following sub questions:

- Isitpossible to replicate Warren Buffett’s strategy in a simple way?
- Can a factor-based concentrated strategy beat a naive portfolio?
- Can I extract significant returns with an undiversified concentrated portfolio?

- Can I extract an alpha with a factor-based concentration strategy?

To find answers to my questions, I proceeded as follows.

Having a clear idea of the gap between theory and practice, I started my analysis by wondering
about a tool to create a strategy. In my quest, I looked at Frazzini, Kabiller, and Pedersen’s
analysis (2013). Their research seeks to explain the Warren Buffett’s performance with factors.
They link the performance of the manager with a few metrics and the use of the leverage. In

their analysis, the authors do not apply their findings to create a strategy.

This pushed me to take the process one step further and use their results to create a factor-based
trading strategy. To that end, I picked three factors: quality, value and beta, significant in
Frazzini, Kabiller, and Pedersen (2013), to build indicators to select stocks. The three factors

are known to perform well in predicting stocks returns, which confirmed my choices.

To create the strategy, I took the three factors selected and came up with a ranking. My ranking
aggregates the individual scores of securities based on the three factors. Given the triple
ranking, one for each factor, a final score is obtained. The final score offers an indication on

which securities to include in the portfolios.

I create one factor-based long only concentrated strategy, one factor-based long-short
concentration strategy and one naive portfolio to be used as a benchmark. I find supportive
evidence that the strategies yield statistically different returns compared to a naive portfolio. I
obtain an annual excess return of 16.37% for the long only and 8.58% for the naive portfolio.
The difference in returns is significant at any conventional level (p-value 0.002). The same is

observed for the long-short strategy (p-value 0.008), where I extract an annual excess return of
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16.02%. In addition to that, I test my strategies for alpha. First, the returns are challenged by
the market. I extract significant and positive alpha for the long and long-short strategies.
Second, the two strategies are put to the test against the 3-factor model. In the second test, both
strategies have a positive and significant alpha. Third, the 5-factor model is put in use to gauge
the robustness of my returns against two extra anomalies. For the 5-factor model, I obtain an
alpha of 0.0068, for the long strategy, significant at any conventional level (p-value 0.001).
The long-short strategy produces an alpha of 0.0079, significant at any conventional level as
well (p-value 0.002). For my results, I can conclude that an alpha is extracted by applying the
strategies I introduced. However, I have to keep in mind the different limitations I faced during
the project. The results I obtained should be taken with caution and a new analysis should be

conducted to confirm my findings.

In conclusion, I have desined a factor-based trading strategy, which aims to create a
concentrated portfolio, easily replicable by retail investors. I have extracted an alpha, robust to
different factor models. The results obtained significantly outperform the benchmark used. In

addition, a Sharpe ratio of 0.9252 is found for the short strategy.
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10. Appendix

Table 1: Market vs 1/N Excess Returns.
Difference between naive and market excess returns. The months with the highest difference

in returns are depicted. The dates are analyzed in text.

Date Market 1/N Difference
Jan-76 0,1216 0,1607 0,0391
Oct-78 -0,1191 -0,1657 -0,0466
Oct-87 -0,2324 -0,2635 -0,0311
Aug-98 -0,1608 -0,1654 -0,0046
Oct-08 -0,1723 -0,1856 -0,0133
Apr-09 0,1018 0,1637 0,0619
Mar-20 -0,1339 -0,2080 -0,0741
Nov-20 0,1247 0,1603 0,0356

Table 1: Market vs 1/N excess returns

Table 2: Newey-West standard errors test of the difference between the naive portfolio
and the market excess returns.

The results of the Newey-West standard errors test show that I fail to reject the null hypothesis.
The null states that the difference in excess returns between the naive portfolio and the market
are zero. The test provides proof that both portfolios behave in a similar fashion. The test
confirms that the naive portfolio behaves according to the market. The test confirms that I can

used the 1/N strategy as a reliable benchmark.

OLS Regression Results

Dep. Variable: diff_1 over N and market R-squared: -0.000
Model: OLS Adj. R-squared: -0.000
Method: Least Squares  F-statistic: nan
Date: Sun, 26 Mar 2023 Prob (F-statistic): nan
Time: 11:15:52 Log-Likelihood: 1441.2
No. Observations: 575  AIC: -2880.
Df Residuals: 574  BIC: -2876.
Df Model: 0
Covariance Type: HAC

coef std err z P>|z| [0.025 0.975]
const 1 0.0002 0.001 0.191 0.849 -0.002 0.002
Omnibus: 23.061 Durbin-Watson: 1.843
Prob(Omnibus): 0.000 Jarque-Bera (JB): 43.494
Skew: 0.247 Prob(JB): 3.5%e-10
Kurtosis: 4.254  Cond. No. 1.00
Notes:

[1] Standard Errors are heteroscedasticity and autocorrelation robust (HAC) using 2 lags and without small sample correction
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Table 3: Newey-West standard errors test of the difference between the long only
portfolio and the naive portfolio excess returns.

The results of the Newey-West standard errors test show that I reject the null hypothesis. The
null states that the difference in excess returns between the long only and naive portfolio are
zero. The test provides proof that the long portfolio has a difference in excess return with the
benchmark which is statistically different from zero. This difference is significant at any

conventional level.

OLS Regression Results

Dep. Variable: diff _Top_1 and_1 over N R-squared: 0.000
Model: OLS Adj. R-squared: 0.000
Method: Least Squares F-statistic: nan
Date: Sun, 26 Mar 2023 Prob (F-statistic): nan
Time: 11:15:51  Log-Likelihood: 911.40
No. Observations: 575  AIC: -1821
Df Residuals: 574 BIC: 1816
Df Model: 0
Covariance Type: HAC

coef std err z P>|z| [0.025 0.975]
const 1 0.0064 0.002 3.116 0.002 0.002 0.010
Omnibus: 31.588  Durbin-Watson: 2.064
Prob(Omnibus) : 0.000 Jarque-Bera (JB): 69.226
Skew: 0.299  Prob(JB): 9.28e-16
Kurtosis: 4.591  Cond. No. 1.00
Notes:

[1] Standard Errors are heteroscedasticity and autocorrelation robust (HAC) using 2 lags and without small sample correction

Table 4: Newey-West standard errors test of the difference between the long-short
portfolio and the naive portfolio excess returns.

The results of the Newey-West standard errors test show that I reject the null hypothesis. The
null states that the difference in excess returns between the long-short and naive portfolio are
zero. The test provides proof that the long-short portfolio has a difference in excess return with
the benchmark which is statistically different from zero. This difference is significant at any

conventional level.

OLS Regression Results

Dep. Variable: diff_Long_Short_and_1 over N R-squared: 0.000

Model: OLS Adj. R-squared: 0.000
Method: Least Squares F-statistic: nan
Date: Sun, 26 Mar 2023 Prob (F-statistic): nan
Time: 11:15:52  Log-Likelihood: 820.98
No. Observations: 575  AIC: -1640.
Df Residuals: 574  BIC: -1636.
Df Model: 0
Covariance Type: HAC

coef std err z P>|z| [0.025 0.975]
const_1 0.0063 0.002 2.634 0.008 0.002 0.011
Omnibus: 379.703  Durbin-Watson: 2.0
Prob(Omnibus): 0.000 Jarque-Bera (JB): 6885.033
Skew: 2.614 Prob(JB): 0.00
Kurtosis: 19.126  Cond. No. 1.00
Notes:

[1] Standard Errors are

heteroscedasticity and autocorrelation robust (HAC) using 2 lags and without small sample correction



Table S: Long only portfolio and the CAPM
The table reports the risk adjusted returns — alpha — of the long only portfolio when tested
against the market, the CAPM model. I obtain a significant positive value for alpha of 1.06%.

The alpha is significant at any conventional level.

OLS Regression Results

Dep. Variable: Monthly Reurns_Top_1 per R-squared: 0.126
Model: 0LS Adj. R-squared: 0.125
Method: Least Squares F-statistic: 56.57
Date: Wed, 22 Mar 2023 Prob (F-statistic): 2.11e-13
Time: 10:00:55 Log-Likelihood: 932.95
No. Observations: 575  AIC: -1862.
Df Residuals: 573  BIC: -1853.
Df Model: 1
Covariance Type: HAC

coef std err z P>|z| [0.025 0.975]
Intercept 0.0106 0.002 4.673 0.000 0.006 0.015
mkt_rf 0.4026 0.054 7.521 0.000 0.298 0.508
Omnibus: 67.994  Durbin-Watson: 1.746
Prob(Omnibus) : 0.000 Jarque-Bera (JB): 128.514
Skew: 0.710 Prob(JB): 1.24e-28
Kurtosis: 4.829 Cond. No. 22.2
N

otes:
[1] Standard Errors are heteroscedasticity and autocorrelation robust (HAC) using 2 lags and without small sample correction

Table 6: Long-short portfolio and the CAPM

The table reports the risk adjusted returns — alpha — of the long-short portfolio when tested
against the market, the CAPM model. I obtain a significant positive value for alpha of 0.66%.
The alpha is significant at 5% level.

OLS Regression Results

Dep. Variable: Monthly Returns_Long_Short R-squared: 0.328
Model: OLS Adj. R-squared: 0.326
Method: Least Squares F-statistic: 294.2
Date: Wed, 22 Mar 2023 Prob (F-statistic): 1.56e-53
Time: 10:00:56 Log-Likelihood: 770.62
No. Observations: 575  AIC: -1537.
Df Residuals: 573 BIC: -1529.
Df Model: 1
Covariance Type: HAC

coef std err z P>|z]| [0.025 0.975]
Intercept 0.0066 0.003 2.475 0.013 0.001 0.012
mkt_rf 0.9810 0.057 17.153 0.000 0.869 1.093
Omnibus: 343.103 Durbin-Watson: 1.962
Prob(Omnibus) : 0.000 Jarque-Bera (JB): 4915.020
Skew: 2.348  Prob(JB): 0.00
Kurtosis: 16.531 Cond. No. 22.2
Notes:

[1] Standard Errors are heteroscedasticity and autocorrelation robust (HAC) using 2 lags and without small sample correction
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Table 7: Long only portfolio and the 3-Factor model
The table reports the risk adjusted returns — alpha — of the long only portfolio when tested
against the 3-Factor model. I obtain a significant positive value for alpha of 0.86%. The alpha

is significant at any conventional level.

OLS Regression Results

Dep. Variable:

Monthly Reurns_Top_1 per
oLS

R-squared:

0.266

Model: Adj. R-squared: 0.262
Method: Least Squares  F-statistic: 48.33
Date: Wed, 22 Mar 2023 Prob (F-statistic): 7.56e-28
Time: 10:00:56 Log-Likelihood: 983.14
No. Observations: 575  AIC: -1958.
Df Residuals: 571 BIC: -1941.
Df Model: 3
Covariance Type: HAC

coef std err z P>|z]| [0.025 0.975]
Intercept 0.0086 0.002 4.500 0.000 0.005 0.012
mkt_rf 0.3771 0.047 7.954 0.000 0.284 0.470
SMB 0.5476 0.082 6.697 0.000 0.387 0.708
HLM 0.4543 0.071 6.395 0.000 0.315 0.594
Omnibus: 61.104 Durbin-Watson: .919
Prob(Omnibus): 0.000 Jarque-Bera (JB): 116.394
Skew: 0.645 Prob(JB): 5.31e-26
Kurtosis: 4.787  Cond. No. 37.3
Notes:

[1] Séandard Errors are

heteroscedasticity and autocorrelation

robust (HAC) using 2 lags and without small sample correction

Table 8: Long-short portfolio and the 3-Factor model

The table reports the risk adjusted returns — alpha — of the long-short portfolio when tested

against the market, the 3-Factor model. I obtain a significant positive value for alpha of 0.55%.

The alpha is significant at 5% level.

OLS Regression Results

Dep. Variable: Monthly Return_Long_Short R-squared: 0.496
Model: 0LS Adj. R-squared: 0.493
Method: Least Squares F-statistic: 150.0
Date: Wed, 22 Mar 2023 Prob (F-statistic): 1.08e-71
Time: 10:00:56  Log-Likelihood: 853.57
No. Observations: 575  AIC: -1699.
Df Residuals: 571  BIC: -1682.
Df Model: 3
Covariance Type: HAC

coef std err z P>|z| [0.025 0.975]
Intercept 0.0055 0.002 2.427 0.015 0.001 0.010
mkt_rf 0.8093 0.059 13.735 0.000 0.694 0.925
SMB 1.1131 0.154 7.245 0.000 0.812 1.414
HLM 0.0564 0.092 0.615 0.538 -0.123 0.236
Omnibus: 285.442  Durbin-Watson: 2.001
Prob(Omnibus) : 0.000 Jarque-Bera (JB): 2488.600
Skew: 2.004 Prob(JB): 0.00
Kurtosis: 12.376  Cond. No. 37.3
Notes:

[1] Standard Errors are

heteroscedasticity and autocorrelation

robust (HAC) using 2 lags and without small sample correction
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Table 9: Long only portfolio and the 5-Factor model
The table reports the risk adjusted returns — alpha — of the long only portfolio when tested
against the 5-Factor model. I obtain a significant positive value for alpha of 0.68%. The alpha

is significant at any conventional level.

OLS Regression Results

Dep. Variable: Monthly Reurns_Top_1_per R-squared: 0.288
Model: OLS Adj. R-squared: 0.282
Method: Least Squares F-statistic: 31.23
Date: Wed, 22 Mar 2023 Prob (F-statistic): 4.00e-28
Time: 10:00:57  Log-Likelihood: 991.85
No. Observations: 575  AIC: -1972.
Df Residuals: 569 BIC: -1946.
Df Model: 5
Covariance Type: HAC

coef std err z P>|z| [0.025 0.975]
Intercept 0.0068 0.002 3.446 0.001 0.003 0.011
Mkt_100 0.4120 0.048 8.526 0.000 0.317 0.507
SMB_100 0.6423 0.073 8.791 0.000 0.499 0.786
HML_100 0.2140 0.083 2.565 0.010 0.050 0.378
RMW_100 0.2909 0.085 3.418 0.001 0.124 0.458
CMA_100 0.2841 0.122 2.326 0.020 0.045 0.523
Omnibus: 72.499  Durbin-Watson: 1.940
Prob(Omnibus): 0.000 Jarque-Bera (JB): 159.825
Skew: 0.698  Prob(JB): 1.97e-35
Kurtosis: 5.173 Cond. No. 79.2
Notes:

[1] S{andard Errors are heteroscedasticity and autocorrelation robust (HAC) using 2 lags and without small sample correction

Table 10: Long-short portfolio and the 5-Factor model
The table reports the risk adjusted returns — alpha — of the long-short portfolio when tested
against the market, the 5-Factor model. I obtain a significant positive value for alpha of 0.79%.

The alpha is significant at any conventional level.

OLS Regression Results

Dep. Variable: Monthly Returns_Long_Short R-squared: 0.528
Model: OLS Adj. R-squared: 0.524
Method: Least Squares F-statistic: 110.7
Date: Wed, 22 Mar 2023 Prob (F-statistic): 1.37e-81
Time: 10:00:57 Log-Likelihood: 872.63
No. Observations: 575  AIC: -1733.
Df Residuals: 569 BIC: -1707.
Df Model: 5
Covariance Type: HAC

coef std err z P>|z| [0.025 0.975]
Intercept 0.0079 0.003 3.121 0.002 0.003 0.013
Mkt_100 0.7869 0.052 15.098 0.000 0.685 0.889
SMB_100 0.9084 0.094 9.701 0.000 0.725 1.092
HML_100 -0.1521 0.122 -1.244 0.214 -0.392 0.088
RMW_100 -0.6580 0.156 -4.205 0.000 -0.965 0.351
CMA_100 0.2724 0.175 1.560 0.119 -0.070 0.615
Omnibus: 261.703  Durbin-Watson: 1.972
Prob(Omnibus): 0.000 Jarque-Bera (JB): 2060.892
Skew: 1.831 Prob(JB): 0.00
Kurtosis: 11.521  Cond. No. 79.2
Notes:

[1] Standard Errors are heteroscedasticity and autocorrelation robust (HAC) using 2 lags and without small sample correction
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Figure 1: Buffett’s Alpha (Frazzini, Kabiller & Pedersen, 2013) Regression Output.
In the figure I observe the output of the regression made by Frazzini, Kabiller & Pedersen
(2013). The factors picked to create the portfolios are highlighted. The factors loading are

selected and normalize to create portfolio weight.
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Figure 2: Monthly Excess Returns Top 1%.

Monthly excess returns of the long only strategy. Depicted are the excess returns of the strategy.

I observe outlier for different point in time. They are described and analyze in text.
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Figure 3: Monthly Excess Returns Long-Short.
Monthly excess returns of the long-short strategy. Depicted are the excess returns of the

strategy. I observe outlier for different point in time. They are described and analyze in text.
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Figure 3: Monthly excess returns Long-Sort

Figure 4: Monthly Excess Returns 1/N.
Monthly excess returns of the naive portfolio. Depicted are the excess returns of the strategy. I

observe outlier for different point in time. They are described and analyze in text.
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Figure 4: Monthly excess returns 1/N
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Figure 5: 1/N Residual Returns to Market.

Difference in excess returns between the naive portfolio and the market returns are plotted. The
12 months moving average is plotted. The figure is constructed to observe if the naive portfolio
behaves in similar fashion as the market. Seeing relatively similar behavior of returns point
toward a reliable construction of the naive portfolio. The figure aims to confirm that the naive

portfolio can be used as a reliable benchmark.
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Figure 5: 1/N Residuals to market returns

Figure 6: Cumulative Returns

Plot of the cumulative returns of the three strategies. I observe a net outperformance of the long
only/long-short strategies over the naive portfolio. The total cumulative returns reach 769.10%
for the long only portfolio, 765.41% for the long-short portfolio and 403.56% for the naive
portfolio.
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